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The COVID-19 pandemic has affected more than 100 million people worldwide, with
around 500,000 cases reported daily. This has led to the overwhelming of healthcare
systems even in developed countries such as the US, UK, etc. Remote monitoring
of COVID-19 patients with non-serious symptoms can help reduce the burden on
healthcare facilities and make them available for high risk groups and the seriously
affected. The pandemic has accelerated the demand for the remote patient monitoring
(RPM) technologies, and the market is expected to reach 2.14 billion in 2027 from the
value of 786.4 million in 2019. In RPM programs, there are two types of sensors that
can be used: wearable and contactless. The former, which is currently more widely
used, is not only more obtrusive and uncomfortable, but can also lead to cross-infection
through patient contact. These two types of technologies are discussed and compared
for each vital sign. In the respiratory system, the vital signs are the respiratory rate (RR)
and oxygen saturation (SpO2), while for the latter, they are the heart rate/rhythm and
the blood pressure (BP). Then, the discussion is broadened to policy level changes
needed to expedite the use of such technologies for remote patient monitoring (RPM)
in the world. Around 80% of countries’ RPM programs are either informal or in a pilot
phase, and thus lack policies and an established regulatory framework to implement their
programs. The various policies needed to initiate, deliver, and reimburse RPM programs
during emergency situations and outbreaks are discussed. Finally, technologies such
as contactless systems, robotics, and Internet-of-things (IoT) that will revolutionize
healthcare in the future by reducing the interaction between physicians and patients and
cross-infection are discussed.
Keywords: COVID-19, coronavirus, remote patient monitoring, contactless physiological sensors, wearable
physiological sensors, camera-based physiological measurement, radar-based physiological measurement,
telehealth
1. INTRODUCTION
The COVID-19 pandemic, caused by the novel coronavirus SARS-CoV-2, has spread to over 200
countries across the globe with around 100 million cases and 2 million deaths (WHO, 2020a).
The health systems of several countries including those with a high quality of healthcare such as
the US have been overwhelmed due to an excessive patient influx (Mareiniss, 2020). The disease
manifests differently in people from a mild or asymptomatic form to a critical one. Only those
who are critically ill and/or in need of external ventilation are hospitalized, and those with milder
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FIGURE 1 | A typical patient monitoring system.
symptoms are told to isolate at home as long as their condition
does not deteriorate (WHO, 2020c). These steps prevent the
overloading of health systems.
With regards to the above, Remote Patient Monitoring (RPM)
may have several benefits. It helps monitor vulnerable groups,
i.e., the elderly or those with pre-existing health conditions such
as cardiovascular and respiratory disorders (WHO, 2020b). In
addition, patients with medical issues other than COVID-19
would not be required to visit hospitals, thereby reducing risks
of cross-infection. Furthermore, such schemes are quite viable
given the recent developments in the fields of Point-of-care
(POC) sensors, Internet-of-things(IoT), and telemedicine. The
pandemic has accelerated the demand for the RPM technologies,
and the market is expected to reach 2.14 billion in 2027 from
the value of 786.4 million in 2019 (Anonymous, 2020). Countries
such as the UK are actively looking for innovative operating
models that include telemedicine and RPM technologies to
recover from the pandemic (Crouch, 2020). Thus, it can
be expected in the future that healthcare will become more
personalized. Recently, the United Kingdom National Health
Service (NHS) provided patients recovering from cystic fibrosis
and COVID-19 with wearable devices combined with software
applications for RPM. The Precision Recovery Program (PRP) is
an RPM initiative of the Mount Sinai Health System spanning
across its eight hospitals in the US in which patients are referred
if they display the symptoms of COVID-19 (Laura Tabacof and
Putrino, 2020). A typical patient monitoring system is illustrated
in Figure 1.
RPM sensors can be broadly categorized into two types,
wearable and contactless. Although wearable sensors are more
widely used currently, contactless ones have certain advantages
over them. Generally, they are less intrusive and more
comfortable. This is especially important for the elderly and/or
physically compromised, who may not be able to wear multiple
sensors for a long time (Gjoreski and Gams, 2011). Secondly,
this will reduce the risks of infection for doctors and health
care workers as contact is minimized. The consulting firm
Frost and Sullivan reported that patient monitoring technologies
are moving away from wearable sensors toward the use
of video, sound, radar, and other contactless methods in
conjunction with machine learning and artificial intelligence
technologies (Fernandez, 2020).
Several innovative sensors and sensing technologies related
to healthcare have been developed in the past few years.
Instead of just focusing on these novel wearable and contactless
technologies individually like other review studies (Islam et al.,
2020; Taylor et al., 2020), we compare their performance
and feasibility with the conventional methods for each vital
sign. This should help guide researchers, physicians and
healthcare workers to choose suitable technologies depending
on patient requirements and environmental conditions. Also,
review papers till now have only focused on the technical aspects
of sensors mostly from academia, but did not consider the
wider non-technical challenges in implementing RPM programs
across different nations. Thus, this study further addresses
the policy level challenges to such RPM programs. Finally,
this study discusses the future directions and technologies
that will transform the field of healthcare by making it more
personalized and reducing patient-physician interactions, and
thus cross-infection.
The rest of this paper is organized as follows. Several
wearable/contact and contactless sensor technologies that
monitor vital signs, such as respiratory rate, oxygen saturation,
heart rate, etc., including their feasibility and practical limitations
are discussed in section 2. The policy challenges faced by many
developed countries in the implementation of RPM and other
tele-health programs are discussed in section 3. After discussing




COVID-19 is a disease that primarily affects the respiratory tract
and can cause the lungs to fill with fluid and get inflamed. This
affects oxygen uptake and leads to hypoxia (Shi et al., 2020). The
two vital signs to assess the condition of the respiratory tract are
discussed in the following sections.
2.1.1. Respiratory Rate
Respiratory rate (RR) is defined as the mean number of breaths
drawn per minute, and that of 30 breaths/minute or greater is
a sign of severe pneumonia, a principal symptom of COVID-
19 (Contributors, 2020). There are, broadly, two methods of
measuring RR—(1) airflow sensors using temperature, humidity,
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etc. changes, (2) respiratory effort detection using chest and
abdominal movements, breathing sounds, cough, etc. Wearable
airflow methods typically involve placing an airflow sensor in
the proximity of the mouth. Rangel and Castillo (2020) placed
an airflow sensor in a mask to detect the heat generated by
breathing. Such a mask based design can be quite useful during
the pandemic. Among effort based techniques, Elfaramawy
et al. (2019) designed a system that uses nine axial inertial
measurement units (IMUs) on the chest and abdomen to
calculate the respiratory rate as well as a microphone for cough
detection. Imran et al. (2020) developed an AI powered solution
that distinguishes COVID-19 related coughs from Non COVID-
19 coughs. It is able to be deployed as a smartphone app that
records 3 cough sounds and returns the result within 2 min.
Other than intrusiveness, wearable sensors for RR are quite
sensitive to motion artifacts (Fedotov et al., 2018).
In contactless methods, microphones placed in the proximity
of the patient’s body but not so close to the mouth have been used
to detect respiratory sounds (Azam et al., 2018), although they
may be susceptible to external sounds from the environment.
One advantage is that these methods can be implemented by
using only a smartphone microphone. The second way involves
the use of cameras to track the motion of the chest wall.
Massaroni et al. (2018) used a commercial RGB camera to
calculate the respiratory rate by analyzing the variations in the
intensity of reflected light created by chest motion. Wang et al.
(2020) used Microsoft Kinect cameras to take depth images, after
which a deep learning framework was used to classify abnormal
breathing patterns associated with COVID-19. This approach
obtained an accuracy of 94.5%. Even though these methods have
been benefited by the recent advancements in image processing
and AI, the price of such cameras and privacy issues are major
obstacles (Elphick et al., 2013). Ultrasound (US) techniques rely
on transmitting and receiving high frequency sound waves to
and from the breathing body. They have been implemented
using portable smartphone-based systems, which just like camera
technology, can be integrated with deep learning techniques and
convolutional neural networks (Taylor et al., 2020). One obstacle
to continuous monitoring is that the patients need to prepare
themselves for the US scan and one of the steps involves not
eating a few hours before.
Radar systems canmonitor RR by using frequency-modulated
continuous-wave (FMCW) to observe Doppler shifts associated
with breathingmovements, and have been able to obtain accuracy
of 99% (Tsai et al., 2020). FMCW radar works by transmitting
frequency modulated pulses, i.e., pulses with periodic shifts in
frequency, and the received echos undergo respective frequency
shifts due to the motion of the body, known as the Doppler
effect. Different frequency bands can be used and the sensitivity
normally increases with frequency. Yang et al. used 5G wireless
networks to transmit breathing information from a C-band
(4–8 Hz) system, and obtained accuracies above 98% (Yang
et al., 2019). This system obtained a transmission speed of 3,500
packets/second which should enable high speed RPM programs.
In their later paper, an S-band (2–4 GHz) system was used to
detect the shallow breathing associated with hypopnea (Yang
et al., 2020). Israel recently adapted military radar systems
for contactless monitoring of COVID-19 patients in hospitals
(Ahronheim, 2020). Their Defense Ministry intends to adapt
more of such technologies intended for military and/or security
purposes for health monitoring, which seems to be an innovative
and cost-effective strategy. However, the major drawback of
radar systems is the high power requirement, which affects the
feasibility and cost of such solutions for continuous monitoring.
The range can also be an issue as the patient would need to be
within a certain distance from the device for it to work (Fletcher
and Jing Han, 2009).
2.1.2. Oxygen Saturation
Oxygen Saturation (SpO2) is the proportion of oxygen-saturated
hemoglobin to the total hemoglobin levels. The Pulseoximeter
is the standard medical device to calculate the SpO2, and
is usually worn over the index finger. The device works by
analyzing the difference in absorption of two wavelengths of
light by oxygenated and deoxygenated hemoglobin, known as
the photoplethysmogram (PPG) signal. Oxitone medical’s wrist
worn pulseoximeter received clearance from the US Food and
Drug Administration (FDA), and they plan to integrate it with
their digital health platform capable of giving alerts and analytics
(Comstock, 2020). Recently, smartphone based alternatives have
been proposed that use the in-built optical sensor (Scully et al.,
2011). In Ma et al. (2019)’s study, a mobile phone was sufficient
to perform the complete pre-processing of PPG data including
filtering. Since these devices need to be placed over the index
finger correctly and have proper contact with the skin to work,
elderly people may require the assistance of health professionals.
Casalino et al. (2020) proposed a contact free RGB camera based
strategy that processes video frames of a person’s face to find the
changes in the absorption of light, and hence the SpO2. It is both
contact-free and easy to use and can run on any mobile device
with a camera such as a smartphone or laptop. In the design, the
forehead and 2 cheeks are taken as regions of interest (ROI) as
they have been found to be the most suitable areas for extracting
the PPG signal (Casalino et al., 2020). The signals are processed,
filtered, and then, similar to before, the differences in absorption
of red and blue light are analyzed.
2.2. Cardiovascular System
People with cardiovascular problems are at a higher risk of
developing COVID-19. In a study conducted in Wuhan on 191
subjects, 91 (48%) patients had a co-morbidity, with hypertension
or high blood pressure being the most prevalent (58 or 30%
patients). Therefore, there is a need to identify such high risk
groups (Zheng et al., 2020). In addition, the disease damages
the cardiovascular system and leads to myocardial injury. In
the study, the National Health Commission of China (NHC)
reported that among the people who died from COVID-19,
11.8% people had serious heart damage.
2.2.1. Heart Rate and Rhythm
COVID-19 produces discernible changes known as arrhythmias
in a person’s electrocardiogram (ECG) signal, a measure of the
electrical activity of the heart. A typical ECG pulse, illustrated
in Figure 2, consists of: P wave representing atrial contraction,
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QRS complex representing ventricular contraction, and T wave
representing ventricular relaxation. The time interval between
two successive R peaks represents the time taken for one beat,
and can be used to calculate the heart rate. Some arrhythmias
include ventricular tachycardia or an abnormal increase in heart
rate, ST-segment elevation, QT prolongation, etc. (Mehraeen
et al., 2020). Traditional ambulatory Holter monitoring schemes
involve wearing a device with multiple electrodes and lead
wires attached to the chest. ECG patch electrodes, which have
microelectronic circuits, are a smaller and wireless alternative.
They are typically attached to the left chest with a water-proof
adhesive and can monitor activity for two or more weeks.
VitalPatch was granted an emergency use authorization by the
FDA to monitor COVID-19 patients (Muo, 2020). With regards
to wrist based alternatives and smart-watches, Samsung’s Galaxy
Watch 3 has recently received FDA approval for ECGmonitoring
(Wetsman, 2020). However, both patch electrodes and wrist-
watches are mostly single channel systems, and they may not be
able to detect arrhythmias caused by a change in the QRS axis or
QRS width. The higher the number of leads in an ECG system,
the more arrhythmias it can detect (Anonymous, 2019). The 12-
lead ECGs detect the most number of arrhythmias followed by
5-lead systems (Anonymous, 2019). Long Short Term Network
(LSTM) deep learning approach helped minimize the effect of
noises such as patient motion and baseline wander (Laitala et al.,
2020).
Although radar technology can measure the heart rate from
chest motion (Nosrati and Tavassolian, 2018), it cannot track
arrythmias such as ventricular fibrillation while the ECG can.
The PPG is a viable alternative to 1-lead ECG systems but
it is still inferior to 5-lead and 12-lead ones in the ability
to detect arrhythmias (Anonymous, 2019). Many commercially
available smartphone applications that use a phone’s camera to
obtain the PPG are not as accurate as the clinical ECG and
fingertip pulseoximeters, and hence, are not regulated as medical
devices (Coppetti et al., 2020). Ha et al. (2020) used a deep
learning based radar scheme to obtain the Seismocardiogram
(SCG), which is a measure of the mechanical activity of the
heart as opposed to electrical. They used radar to record the
micro-vibrations of the heart and then reconstructed the SCG
waveform from them. This offers additional information such
as the opening and closing of valves that is not available using
standard radar methods. Another advantage radar has is that
it can be used to simultaneously measure the heart rate and
respiratory rate, and the two signals can be separated based on
their frequencies (Walterscheid et al., 2019). This reduces the
need for an additional system and hence, the expenses.
2.2.2. Blood Pressure
Traditionally, blood pressure (BP) is monitored using cuff-based
devices known as the sphygmomanometer that requires the help
of a nurse or a health worker to use. A stethoscope is used
to analyze the systole and diastolic sounds, and the respective
pressure values, systolic blood pressure (SBP) and diastolic blood
pressure (DBP), are noted using the sphygmomanometer. The
pulse-transit-time (PTT) method provides an unobtrusive, self-
use, and wireless alternative (Wang et al., 2014). The PTT is
FIGURE 2 | A typical ECG signal and the various waves, segments, and
intervals.
the time taken by the arterial pulse to move from the heart
to a peripheral site. It is a measure of arterial stiffness and
can be used to find the BP. Previously, PTT was calculated
using the difference between the peaks of the ECG R wave and
PPG, but now research has shown that it can also be calculated
using the difference between PCG signals at two peripheral sites
(Huang et al., 2017). This is beneficial for contactless monitoring
solutions as an additional modality for R peak or systole detection
such as Radar is no longer required, which reduces the cost of
such solutions. Huang et al. (2017) recorded the PPG from the
face and the palm to calculate the BP. The extraction of iPPG
from cameras is illustrated in Figure 3, which offers a block level
description of PPG and BP calculation. Radar technology has
also been used for contactless BP monitoring (Ohata et al., 2019).
The merits and demerits of different contactless technologies are
summarized in Table 1.
3. POLICY CHALLENGES
In a global survey on e-Health conducted by the World
Health Organization (WHO) on 125 countries, a large number
of countries felt that policy level challenges in implementing
RPM and other tele-health programs were extremely important
compared to other issues, as illustrated in Figure 4 (WHO, 2016).
The distribution of tele-health programs across different regions
of the world are given in Figure 5. It can be observed that
the distribution of RPM programs is uneven, with most in the
European and Western Pacific regions and the least in African
and South East Asian regions. Also, around 80% of countries’
RPM programs are either informal or in a pilot phase, and thus
lack an established regulatory framework to initiate, deliver, and
reimburse their programs especially in emergencies such as the
pandemic (WHO, 2016). In spite of carrying out tele-health
programs for over two decades, developing countries have not
achieved much success in reducing the cost and accessibility
of care (Bali, 2018). Generally, rural areas, which are more
prevalent in developing countries than developed ones, have a
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FIGURE 3 | Schematic of iPPG extraction.
TABLE 1 | Different contactless technologies and their advantages and
disadvantages.
Technology Advantage Disadvantage
Microphones Smartphone sensor is sufficient Susceptible to
environmental noise
Camera Accurate, AI can be used High camera cost, privacy
concerns
Radar Accurate, AI can be used High cost, high energy
requirements, range issues
Ultrasound Accurate, AI can be used,
portable
Patient preparation
lack of digital infrastructure compared to urban areas. These
countries may also not have the resources to create a centralized
digital database of patients and their health status, which is an
essential requirement for most tele-health programs (Raza et al.,
2018). However, even if the technological disparities are reduced,
they cannot be efficiently implemented without guiding policies
and frameworks.
The US has recently made significant policy changes, which
can be used as a guide by other nations. Current Procedure
Terminology (CPT) codes, which are used by the Centers for
Medicare and Medicaid Services (CMS) for the reimbursement
of healthcare programs, were updated to allow reimbursement
for the following services: reviewing RPM data, consulting
patients regarding their RPM data, and training a patient to
set up and use RPM technologies (mTelehealth, 2020). The
one old code (99091) and three new codes (99453, 99454,
99457), explained in detail in Table 2, will help incorporate
the latest RPM technologies. During the pandemic, the CMS
made further changes including equal reimbursements for both
tele-health and in-person consultations (mTelehealth, 2020).
In creating policies and frameworks for swiftly responding to
emergencies, communication protocols for handling RPM data
are necessary to ensure patient safety and privacy. Clinicians
should be able to easily access and discern the large amounts of
data coming from RPM as well. Easing regulations required for
physiological monitoring devices during such emergencies can
help reduce supply shortages. For example, the US Food and
Drug Administration(FDA) has relaxed certain regulations, by
which devices such as oximeters, apnea monitors, ECG, etc., that
were previously approved for hospital use, can now be marketed
for home use without any additional procedure (FDA, 2020).
Modification of devices to support remote patient monitoring
functions without seeking additional approval is also permitted.
Finally, public-private partnerships can help countries acquire
the latest RPM technologies such as contactless cameras, radar,
etc. They have enhanced the viability of tele-health programs
in the past, especially in low resource settings (Mahapatra and
Sahoo, 2017). All the above-mentioned key factors in choosing
RPM technologies are summarized in Figure 6.
4. FUTURE DIRECTION
Hospitals and other healthcare organizations around the globe
are under immense pressure because of COVID-19. They have to
deal with the increased number of infected patients on one hand
and control the spread of the infection and protect healthcare
providers on the other. Several additional smart sensors and
contactless technologies are presented in this section that can
collect vital signs remotely and monitor patients from a distance.
In the future, smart sensors and contactless technologies will
minimize the need for human intervention and will lead to more
personalized health systems. Such technological solutions can
also improve the overall performance of these systems. Hence,
the fourth industrial revolution is expected to revolutionize the
field of healthcare as well. A healthcare system in the future might
look like Figure 7.
4.1. Contactless Systems
As mentioned above, when patients are tested and monitored by
healthcare providers, such interactions involve several physical
touch-points that increases the risk of healthcare staff being
exposed to COVID-19 and other communicable diseases. A
number of contactless technologies to reduce physical contact
between patients and healthcare workers were mentioned in
the previous sections. Additionally, contactless preliminary
screening can be performed with a thermal camera that detects
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FIGURE 4 | Challenges in implementing tele-health programmes to support UHC, evaluated by level of importance.
FIGURE 5 | Challenges in implementing telehealth programmes to support Universal Health Coverage (UHC), evaluated by the level of importance.
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a high temperature. These contactless thermal cameras can serve
as first-line screening equipment at hospitals, the workplace,
or any other required location. All these technologies can be
integrated to form complete contactless care systems to monitor
patients at their location- whether in the hospital, outpatient care
facility, or home. With the help of efficient alarm systems, the
healthcare provider can be notified whenever the patients’ health
deteriorates and they require urgent attention.
TABLE 2 | Current procedural terminology (CPT) codes for reimbursement of
RPM services.
CPT code Description
99091 Collection and interpretation of physiologic data
99453 Initial set up and patient education on use of equipment
99454 Supply of devices, transmission, collection, and report/summary
services to the clinician
99457 Remote physiological monitoring services for first 20 min of RPM
services
99458 Remote physiological monitoring services that exceeds first 20
min of RPM services
4.2. Healthcare Internet of Things (H-IoT)
The healthcare Internet of Things (H-IoT) is the basic enabling
technology that facilitates the communication between the smart
sensors and the processors at the receiver. Sensors and devices
with H-IoT capabilities can help transmit diagnostic information
across a large distance, hence minimizing the interaction and
close contact between staff and patient without compromising
the quality of care. Recent advancements in Blockchain, Cloud
and Edge computing have enabled efficient managing, processing
and storage of the large volumes of data, known as Big Data,
generated by such sensors (Qadri et al., 2020). Blockchain is a
decentralized peer-to-peer storage system that stores data in the
form of unchangeable blocks. These blocks are made anonymous
and unchangeable by assigning them unique hashes that change
if the data in the block is changed. This assures the privacy and
security of a patient’s data. Cloud computing refers to the process
of using a connected network of remote servers on the internet
to manage and store data rather than local storage resources
such as hard disks or local servers. Edge computing reduces the
transmission time between the sensors or nodes and processing
units by providing computational power locally, toward the edges
of the network and closer to the sensors.
FIGURE 6 | Eight key factors for choosing RPM and sensor technologies.
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FIGURE 7 | A futuristic healthcare system.
4.3. Robotics
Robots and robotic technology can be used to replace people
from hazardous jobs. As the spread of the COVID-19 is on
the rise, the potential roles of robotics in healthcare and allied
areas are becoming increasingly clear. Robots can be deployed
for disinfection of the COVID-19 wards, delivering medications
and food to the patients, and remotely measuring patients’
vital signs. Additionally, there has been a recent interest in
using “social robots” to deal with the loneliness faced by older
people in assisted living (Pirhonen et al., 2020). As per a
survey conducted by Healthwatch North Sommerset, 63% of
elderly and vulnerable people felt isolated and lonely due to
the lockdown, with the majority saying this affected their well-
being and physical health (Angear, 2020). A study led by the
University of Genova found that elderly people who spent time
with “Pepper,” an artificial intelligence powered humanoid robot,
reported a notable improvement toward their mental health
(Shadwell, 2020). Thus, such solutions are able to address both
the physical and mental health issues of patients.
5. CONCLUSION
This paper compared the latest wearable and contactless sensor
technologies for monitoring the vital signs of the respiratory
and cardiovascular systems of COVID-19 patients remotely and
highlighted their merits and shortcoming. To the best of your
knowledge, such a comparison is missing in the existing review
papers. Among the less obtrusive contactless sensor technologies,
visual and camera-based ones seem to be the most prevalent and
promising ones, although their price is a major obstacle. Only
in cardiac rate and rhythm monitoring, wearable methods (i.e.,
ECG) may offer a richer diagnosis compare to contactless ones.
The discussion then moved to the policy level changes needed
to implement RPM programs, which have also been excluded
in most studies. Finally, the future of healthcare and potential
technologies that can be used to reduce the interaction between
healthcare professionals and patients, and hence cross-infection,
were discussed. Future work should address the broader field of
telehealth rather than just RPM and sensor technologies. The
WHO recently released the draft global strategy on digital health
2020–2025, in which there is surely scope for more ideas to deal
with pandemics and infectious disease outbreaks (WHO, 2019).
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